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Abstract. The HiggsML Uncertainty Challenge is a machine learning com-
petition aimed at improving uncertainty-aware AI techniques in high-energy
physics. Part of the FAIR Universe initiative, focuses on estimating the Higgs
boson signal strength while accounting for systematic uncertainties affecting
collider experiments. Unlike traditional classification tasks, participants must
construct confidence intervals that properly cover systematic distortions. The
HiggsML Uncertainty Challenge establishes a benchmark for uncertainty-aware
AI, with applications in high-energy physics and beyond. The competition
is hosted on Codabench, an open AI benchmarking platform, and uses high-
performance computing resources at NERSC Perlmutter for scalable and repro-
ducible model evaluation. The dataset and evaluation framework will remain
publicly available for continued research.

1 Introduction and Overview of FAIR Universe

1.1 Motivation and Background

The application of artificial intelligence (AI) and machine learning (ML) in high-energy
physics (HEP) has led to significant advancements in data analysis, classification, and
anomaly detection. However, a major challenge remains in quantifying and mitigating sys-
tematic uncertainties, which arise from detector effects, theoretical modeling, and back-
ground mismodeling. In many fields of science and industry, including HEP, these uncer-
tainties, often referred to as epistemic uncertainties, are a critical bottleneck in precision
measurements and discovery potential [1].

The FAIR Universe project aims to address these challenges by providing an open, large-
scale AI ecosystem that enables dataset sharing, training of large models, and benchmarking
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of advanced AI/ML techniques. The project addresses key challenges in measuring and min-
imizing systematic uncertainties, with direct relevance to applications in cosmology, climate
science, and other domains. It builds upon previous AI-driven HEP challenges, including the
Higgs Boson Machine Learning Challenge (HiggsML) [2], TrackML Challenge [3, 4], and
LHC Olympics [5].

1.2 The FAIR Universe Platform

FAIR Universe adheres to the principles of Findability, Accessibility, Interoperability, and
Reusability (FAIR) to facilitate reproducibility and open research. A core aspect of the project
is leveraging high-performance computing (HPC) resources, particularly the Perlmutter sys-
tem at NERSC [6], which features over 7,000 NVIDIA A100 GPUs. FAIR Universe inte-
grates with Codabench, an open-source AI benchmarking platform designed for large-scale,
transparent, and reproducible challenges [7].

The project involves a broad collaboration of institutions, including Lawrence Berkeley
National Laboratory, the University of Washington, Université Paris-Saclay (IJCLab-Orsay),
the University of California, Irvine, the University of California, San Diego, and Universiteit
Leiden. By fostering an interdisciplinary approach, FAIR Universe aims to create bench-
marks for systematic uncertainty-aware ML models and drive innovation in uncertainty quan-
tification.

2 The HiggsML Uncertainty Challenge

High-energy physics (HEP) relies on statistical analysis of aggregated observations, where
systematic uncertainties from detector effects, theoretical modeling, and background mis-
modeling can bias measurements of key quantities such as the Higgs boson signal strength
(µ). As machine learning (ML) becomes increasingly central to HEP analyses, the need for
uncertainty-aware methods has grown.

Advanced techniques for incorporating systematic uncertainties into ML models include
approaches that explicitly depend on nuisance parameters [10–13], those that aim to be in-
sensitive to nuisance parameters [14–23], methods that incorporate downstream test statistics
in initial training [24–28], and Bayesian neural networks for uncertainty estimation [29–31].

The HiggsML Uncertainty Challenge, part of the FAIR Universe project, advances
uncertainty-aware AI in high-energy physics by requiring models to estimate the Higgs bo-
son signal strength (µ) with statistically valid confidence intervals (CIs) while accounting
for systematic uncertainties. The competition is part of NeurIPS 2024 [8] and hosted on
Codabench [9].

The challenge consists of two phases. In Phase 1, participants train models on a labeled
dataset with systematic uncertainties and refine them iteratively based on daily leaderboard
feedback. In Phase 2, the best models are tested on a hidden dataset with unknown biases,
with final rankings based on the accuracy and robustness of CI estimation. The competition
workflow is shown in Figure 1.

The challenge introduces six systematic distortions, requiring models to estimate µ accu-
rately, provide reliable CIs, and remain robust to distribution shifts. The HiggsML Uncer-
tainty Challenge thus serves as a benchmark to compare uncertainty-aware ML approaches
on a realistic dataset, ensuring their reliability for future physics analyses.

Beyond high-energy physics, this benchmark has applications in fields where systematic
uncertainties impact precision, such as cosmology, climate science, and medical imaging.
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Figure 1. Workflow of the HiggsML Uncertainty Challenge.

3 Dataset and Systematic Uncertainties

3.1 Dataset Overview

The dataset used in the HiggsML Uncertainty Challenge is a simulated high-energy physics
dataset representing proton-proton collisions at the Large Hadron Collider (LHC). It is gen-
erated using Pythia 8.2 for event simulation [32] and Delphes 3.5.0 for fast detector sim-
ulation [33]. The dataset is designed to reflect the kinematic distributions observed in the
ATLAS experiment [34], making it a valuable benchmark for machine learning models in
high-energy physics.

Each collision event is represented by 28 features, which include both raw kinematic
measurements and high-level physics-inspired variables. These features characterize the re-
constructed particles in an event and are essential for signal-background discrimination. The
dataset is divided into two main categories: Signals are the events corresponding to Higgs
boson production, specifically the decay process H → ττ, where one tau decays lepton-
ically, and the other decays hadronically. Backgrounds are the events arising from other
Standard Model processes that mimic the kinematic signature of Higgs boson decays, in-
cluding Z → ττ, top-antitop (tt̄), and diboson (VV) production. To ensure realistic scaling
and balanced representation across processes, the “LHC Equivalent Events” column reports
the expected yields for 10 fb−1 at

√
s = 13 TeV, estimated using known production cross-

sections and branching ratios. This ensures sufficient statistics while avoiding large event
weights, thereby reducing Monte Carlo uncertainties. A summary of the dataset composition
is presented in Table 1.

Table 1. Composition of the HiggsML Uncertainty Challenge dataset. The number of events
corresponds to the total generated sample, while the LHC-equivalent column estimates the expected

event counts in a 10 fb−1 dataset.

Process Events Generated LHC Equivalent Events Category
Higgs Boson (H → ττ) 52M 1015 Signal
Z Boson (Z → ττ) 222M 1002K Background
Diboson (VV) 2.1M 3.8K Background
Top-Antitop (tt̄) 12M 44K Background
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The dataset is publicly available for participants during the competition and will remain
accessible as a benchmark dataset after the challenge.

3.2 Systematic Uncertainties and Nuisance Parameters

A key aspect of the HiggsML Uncertainty Challenge is the explicit incorporation of system-
atic uncertainties, which introduce biases in the test dataset. These uncertainties arise from
detector calibration, theoretical modeling, and background estimation. Understanding and
mitigating them is essential for precision measurements in high-energy physics.

To simulate these effects, the dataset includes six parameterized systematic distortions,
known as nuisance parameters. These distortions modify event features, creating realistic
variations between training and test datasets.

The systematic uncertainties modeled in this challenge are the tau and jet energy scales,
soft missing transverse energy shifts, and normalization uncertainties for the overall back-
ground, diboson background, and top-antitop background. These distortions introduce non-
trivial biases, requiring models to account for uncertainty while estimating the Higgs boson
signal strength. Participants must develop methods to ensure robustness against systematic
variations.

Figure 2 illustrates the impact of systematic uncertainties on key event features. The
distributions of nominal events (blue) and systematically shifted events (red) are overlaid,
showing how different nuisance parameters distort kinematic variables such as transverse mo-
mentum (PRI_had_pt), missing energy (PRI_met), and invariant masses (DER_mass_vis,
DER_mass_transverse_met_lep). These shifts highlight the importance of designing mod-
els that can adapt to systematic variations in the data.

3.3 Biasing Script and Pseudo-Experiments

To model systematic uncertainties, the competition provides a biasing script that generates
test datasets with arbitrary nuisance parameter settings. This script introduces controlled
distortions in event kinematics and simulates realistic deviations between training and test
datasets.

A key component is the use of pseudo-experiments, which replicate independent statisti-
cal realizations of the data under different systematic conditions. Each pseudo-experiment
represents a dataset corresponding to a given signal strength µ while randomly varying
nuisance parameters. Participants must analyze distributions of µ across multiple pseudo-
experiments to ensure their models provide statistically valid confidence intervals. This setup
mimics real-world experimental conditions, where systematic effects fluctuate between data-
taking periods.

4 Evaluation Metrics

The challenge aims to ensure that models not only estimate the Higgs boson signal strength
(µ) accurately but also provide a reliable 68.27% confidence interval (CI) that accounts for
systematic uncertainties. Evaluation is based on two criteria: precision, which favors nar-
rower confidence intervals, and coverage, which measures the fraction of test cases where
µtrue falls within the reported interval. To balance these aspects, the challenge introduces a
novel metric, the Coverage Score, which quantifies model performance by considering both
precision and coverage.

 
EPJ Web of Conferences 337, 01200 (2025) https://doi.org/10.1051/epjconf/202533701200

CHEP 2024

4



Figure 2. Impact of systematic uncertainties on key event features in the HiggsML dataset. Each
subplot compares the nominal feature distribution (blue) to its systematically shifted counterpart (red),
illustrating how different nuisance parameters affect the observed data. These variations must be ac-
counted for in model predictions to ensure robustness.

4.1 Coverage Score Calculation

The Coverage Score consists of two components:

• Average Interval Width (w): Measures the typical size of the confidence interval across
test samples.

w =
1

Ntest

Ntest∑
i=1

|µ84,i − µ16,i| (1)

where µ84,i and µ16,i represent the upper and lower bounds of the confidence interval in
each pseudo-experiment.

• Coverage (c): The fraction of test cases where the true signal strength µtrue is within the
estimated confidence interval.

c =
1

Ntest

Ntest∑
i=1

1 if µtrue,i ∈ [µ16,i, µ84,i] (2)

The ideal coverage value is 0.6827 (corresponding to the 68.27% confidence interval),
but models may overestimate or underestimate uncertainties. To address this, a penalization
function f (c) is applied:

f (c) =


1 if c ∈ [0.6827 − 2σ68, 0.6827 + 2σ68]

1 +
∣∣∣∣ c−(0.6827−2σ68)

σ68

∣∣∣∣4 if c < 0.6827 − 2σ68

1 +
∣∣∣∣ c−(0.6827+2σ68)

σ68

∣∣∣∣3 if c > 0.6827 + 2σ68

(3)
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where σ68 =
√

(1 − 0.6827)0.6827/Ntest represents the statistical uncertainty on the cov-
erage estimation. This function penalizes deviations from the target coverage, applying a
stronger penalty for underestimation and a milder penalty for overestimation.

The final Coverage Score is calculated as:

score = − ln((w + ϵ) f (c)) (4)

where ϵ = 10−2 is a regularization term preventing unrealistic confidence intervals.
Higher scores indicate better performance.

Figure 3. Illustration of the Coverage Score metric. The penalty function ensures that models achieving
coverage close to 68.27% are rewarded, while those significantly under- or over-covering are penalized.

4.2 Baseline Model

A baseline model is provided in the challenge repository as a reference for participants. It in-
cludes a Gradient Boosted Decision Tree (XGBoost) [35] classifier for signal-background
separation, a likelihood-based signal strength estimator, and a simple Bayesian approach
to model systematic uncertainties. While not fully accounting for systematic distortions,
it serves as a foundation for developing more robust models.

4.3 Computing Environment

The challenge is hosted on Codabench [7] and utilizes NERSC Perlmutter [6], a supercom-
puter with over 7000 NVIDIA A100 GPUs, for model evaluation. Participants train their
models locally or on external resources of their choice, and submit prediction code for eval-
uation. Each submission is allocated a maximum of 2 hours, with up to 10 seconds per
pseudo-experiment. Participants may submit up to 100 times per day, with five evaluations
processed daily.

5 Conclusion and Outlook

The HiggsML Uncertainty Challenge establishes a benchmark for uncertainty-aware ma-
chine learning in high-energy physics. By incorporating systematic uncertainties, it moves
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beyond classification to robust confidence interval estimation for the Higgs boson signal
strength (µ). The large-scale dataset and rigorous evaluation metric ensure fair assessment
of model performance.

This challenge bridges machine learning and physics inference, with broader applica-
tions in fields where systematic uncertainties impact precision. Future directions include
expanding the dataset, integrating real experimental data, and developing advanced uncer-
tainty quantification techniques. The dataset and framework will remain publicly available to
support ongoing research in uncertainty-aware AI.
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